Abstract In this study, we use machine learning to build a catalog of DB white dwarfs (DBWDs) from the LAMOST Data Release (DR) 5. Using known DBs from the SDSS DR14, we selected samples of high-quality DB spectra from the LAMOST database and used them to train the machine learning process. Following the recognition procedure, we chose 351 DB spectra of 287 objects, 53 of which were new identifications. We then used all the DBWD spectra from both the SDSS DR14 and the LAMOST DR5 to construct DB templates for LAMOST 1D pipeline reductions. Finally, by using DB parameter models provided by D. Koester and the distance from Gaia DR2, we calculated the effective temperatures, surface gravities, and distributions of the three-dimensional locations and velocities of all DBWDs.
INTRODUCTION
With initial masses of up to ∼9M ⊙ (Woosley & Heger 2015) , white dwarfs (WDs) are the final state of the stellar evolution of stars in the main sequence. Owing to the absence of nuclear reactions, energy from most WDs is generated by radiation from residual gravitational contraction, which can lead to relatively low brightness. Although the mean mass of a majority of WDs is ∼ 0.593 ± 0.016M ⊙ (Kepler et al. 2007) , the common radii of these stars are often of the same order as that of the Earth, implying that an extremely long cooling time is required.
Among WDs, the ones with atmospheres mostly rich in hydrogen account for ∼80%, which is assigned to the DA spectral type. The other 20% fall into the DO (He II) or DB (He I) categories, whose atmospheres are dominated by helium with, occasionally, minute traces of hydrogen and heavy elements. In most cases, hot DO stars can be observed at temperatures of ∼45,000 K. DB WDs (DBWDs) have effective temperatures (T eff ) averaging <30,000 K, with only He I in their spectra. When the temperature drops to 10,000 K, helium becomes spectroscopically invisible, such as for featureless DC, carbon-present DQ, and metal-rich DZ spectra (Voss et al. 2007) .
Because the helium atom prevails in its ground state in the atmosphere, DBWDs represent the best sample of hydrogen-deficient stars in the universe. Many hydrogen-dominated DA WDs Table 1 Class/Subclass from LAMOST DR5 catalog (except for "Unknown" class), also types of spectra we applied in our experiment. 2005), and found a strong connection. We calculated the three-dimensional (3D) velocities of DBWDs and obtained a similar conclusion. With respect to the kinematics of old stars, lowmass WDs (between 0.45M ⊙ and 0.75M ⊙ ) have a higher velocity dispersion and asymmetric drift whereas the ones with greater mass are the opposite.
The remainder of this paper is organized as follows: The datasets are defined and constructed in Section 2. Section 3 describes the training procedure, i.e., feature extraction by using LASSO and DB recognition by using an SVM. We then select all DBWD spectra from LAMOST DR5 in Section 4 using the ML method. The application of this experiment to the LAMOST 1D pipeline is then introduced in Section 5, i.e., for DB template construction. Section 6 provides T eff , log g, and the 3D distributions of the locations and velocities of the DBWDs, and we analyze the similarities and differences between DBWDs from LAMOST DR5 and SDSS DR14. Finally, we summarize the conclusions of this study in Section 7.
DATASETS
In total, there were >2000 DB spectra in SDSS DR12, based on catalogs from Kleinman et al. (2013) ; Kepler et al. (2015 Kepler et al. ( , 2016 ; Kong et al. (2018) . These spectra were originally classified as O, QSO, B, galaxy, or some other type by the SDSS 1D pipeline. Moreover, the core algorithm of LAMOST Pipeline is the same as that of SDSS Pipeline: full-spectral template matching. Similar to the analysis in our previous work, DB spectra might be found in all types (Table 1) of spectra in the LAMOST DR5.
For the data archive of LAMOST DR5, each released spectrum was assigned a specific title, namely, a class and a subclass, as displayed in Table 1 . Therefore, we needed to classify between DB and each "subclass" in parallel. For convenience, we abbreviate "class + subclass" (CPS) as the identification of each subclass in this experiment, such as "star+O" or "QSO+null."
There was, however, a notable difference in class from SDSS and LAMOST in that there was an "Unknown" class in the catalog of LAMOST, whereas the spectra from the SDSS only had three classes; star, galaxy, and QSO; in which the term "class" was employed from the data archive of these two sky surveys. Therefore, the spectral data classified as "Unknown" should have been preprocessed before recognition (Section 2.3).
As listed in Table 2 , in this experiment, we constructed three subsets from LAMOST DR5 for training, testing, and searching. The training set was used for learning, that is, to fit the parameters (features and hyperplanes) of the classifier. The testing set was used for the parameter adjustment of the classifier: to choose the best features and the most suitable kernel function of the SVM. A 10-fold cross-validation was built into both the LASSO and the SVM packages, and were executed automatically by using the training set. For application, we selected candidates, referred to as "experimental data" (ED), from all spectral data, and explain the selection procedure in Section 2.3.
Preparation of Positive Samples
Consider the similarity of spectra from both LAMOST and SDSS. Only 34 DBWDs were identified from LAMOST DR2 (Guo et al. 2015) and 6 DB candidates from LAMOST DR3 (Gentile Table 2 Roles of the three Data Sets.
Data Set Roles Training Data
To be used in training process, i.e. Detecting features by LASSO (Section 3.2); Estimating the parameterizing model by LIBSVM (Section 3.4).
Testing Data
To be used in training process, i.e. Determining the parameters in LASSO (Section 3.2); Determining the hyper-planes in LIBSVM (Section 3.4). Experimental Data Application of Section 3, to be used in Searching DB spectra from Experimental Data (Section 4). et al. 2015) . Because few DB spectra were available in LAMOST DR5, DB spectra from SDSS DR14 were required to complete this experiment. A total of 300 known DBWDs and DB feature spaces obtained from KONG2018 first served as the positive samples. With spectra from LAMOST DR5 as negative samples, we conducted the recognition process using an SVM program. Following the classification procedure, which is explained in the following sections, we checked all data marked as positive by the program and obtained 278 DB spectra from LAM-OST DR5. More DB spectra, however, may have been overlooked by the program owing to the positive samples from the SDSS. We then chose 100 DB spectra, including DB, DBA, DBZ, and DB binaries, with relatively high S/N g as positive samples of the training set. Each group of negative samples was then compared with this set of positive samples for rarity.
Fusillo

Data for Training Process
The redshifts of these positive samples and DB spectra in the negative samples from the LAM-OST catalog were not correct because they had been measured by using non-DB templates. Hence, we needed to recalculate the z of all data by using DB templates and move the spectra to the rest frame. To acquire more comprehensive and accurate values, full-spectral template matching (the core algorithm in the pipeline of the SDSS (Lee et al. 2008) and LAMOST (Luo et al. 2015) ) was used to compute the z values of all spectra.
However, we needed to guarantee that the negative samples were as pure as possible. That is, we needed to ensure that every spectrum in the negative sets had a correct classification and retained the characteristics typical of it. For each CPS, spectra were selected from all data, ranked by S/N g in descending order, as negative samples.
In the application of the algorithm, the SVMs proposed in the past have had many limitations, such as low recognition accuracy when applied to binary classification from unbalanced datasets, in which negative instances heavily outnumbered positive ones. Remedies have since been applied to solve this problem (Akbani et al. 2004 ). However, we maintained the balance between positive and negative samples within the group of CPS, which means that the number of non-DB spectra in each group of CPS was exactly 100. To obtain more comprehensive results, we set the number of groups within each CPS to five; that is, there were five groups of positive and negative samples for every spectral type or 1,000 spectra in a CPS. The "CPS" in this subsection means the CPS in the training set. More details are available in Table 1 .
Data for Recognition
The LAMOST DR5 released >9 million spectral data items, including 153,090 galaxy, 51, 133 QSO, 8, 171, 443 star, and 642, 178 unknown items, of which there were 5,807,771 spectra with S/N g > 10.
Compared with the stellar templates from SDSS Pipeline, the templates in LAMOST Pipeline contains more subclasses, and can give a more accurate stellar classification for about 95% of spectra (Wei et al. 2013) . Theoretically, the majority of data with high S/N should be correctly classified by the LAMOST 1D pipeline. As a result, obvious non-DB spectra needed to be excluded in advance; otherwise, it would be inefficient if all spectra were considered in the recognition process. We used full-spectral template matching, which is described briefly in Section 3.1, to classify all spectra from LAMOST DR5. The only distinction, however, in the application of this process was that the DB templates were replaced by all templates of the LAMOST 1D pipeline (Luo et al. 2015) . Moreover, the connection of χ 2 between the best and second-best fit was also considered to confirm the final type. Then, both the class and the redshift of each spectrum could be obtained from the best-fitting template. After this procedure, some spectra were expelled from the ED while others were maintained, as is shown with the red and blue bars, respectively, in Figure 1 .
It is worth noting that there was a subclass of the DR5 category called "DoubleStar," which was not a typical stellar type. The spectra with a "DoubleStar" classification were mostly the binary of a WD, or an early-type object, and an M star, such as DA+M (M-P_S-F is 56264-HD090427N432630M01_07-094; Figure 2a ) (Ren et al. 2014; Guo et al. 2015 ; Kleinman et al. 2013; Girven et al. 2011; Silvestri et al. 2007) or A+M (M-P_S-F is 55858-F5909_04-104; Figure  2b ). Both spectra plotted in this figure were smoothed by convoluting them with a Gaussian function, where σ = 1 and µ = 10. The components in panel (b) are of A2 type and M3 giant stars. These kinds of spectra exhibited characteristics of both types of stars, features of which were more explicit in the blue and red wavebands, respectively. Therefore, we placed all spectra specified as "DoubleStar" into the CPS of M, WD, B, and A.
Compared with all LAMOST DR5 data, the ED eventually comprised ∼25% on average of the data.
TRAINING PROCESS METHOD
In general, the fundamental idea of classification here is to use an SVM as a classifier to sort DBWDs from all spectral data based on features extracted by using LASSO. An SVM is a binary classification-based algorithm Duan KB. & Keerthi S.S. (2005) , which means that it focuses on building a model that assigns new examples to one category or another. LASSO is a method of regression analysis in statistics and ML that conducts both variable selection and regularization. It can extract distinctions between datasets.
In the initial step of our experiment, all data were normalized in preprocessing, and a redshift measurement was made for the positive samples. The main body of the experiment consisted of separating the DBs from other types using a binary classification module of the SVM, followed by feature extraction with LASSO. If the accuracy (the ratio that how many samples are recognized correctly) was not sufficiently high, optimization was needed, i.e., the removal of contamination of the DBs from negative sample sets and restarting of this loop. Following the completion of the training process, unique features of the DBs and hyperplanes of each group were derived by using LASSO and an SVM, respectively. The entire procedure conducted in KONG2018 was similar to that in this paper, and is illustrated in Figure 3 . Therefore, most of the following parts in this section are introduced only briefly. Fig. 3 Flowchart of the training process of the DB-mining procedure in our experiment, which mainly consists of preprocessing, feature extraction, classification, and optimization.
Data Preprocessing
1. The normalization of the positive and negative samples is given bŷ
is the number of points, and x and σ x are the mean value and variance of x, respectively. The component x i represents the flux of the spectrum x, i ∈ {1, 2, . . . , n}. 2. A redshift measurement for positive sample groups was made using full-spectral template matching: Known DB spectra of high quality were used as templates to calculate the redshift of the positive samples. Simply put, this was approached as a χ 2 minimization problem.
The pseudo continua of templates were reshaped at the beginning to be consistent with the spectrum. Afterward, the distance between a template and the spectrum at each step within a specific redshift range was calculated. Finally, z was derived from the best fitthe template that reached the minimum χ 2 .
Feature Extraction
In general, features include the continuum and some typical spectral lines when a spectrum is recognized. Consider the pseudo continua of templates would be reshaped to be consistent with that of the spectrum before the distance (χ 2 ) between a template and the spectrum being calculated. For classification using an algorithm, however, all data points are not equally important, and the continuum may not have much of an effect. Some positions of the line wings rather than centers may be more sensitive in distinguishing a DB from other types of spectra (O-/B-/A-type star, galaxy, QSO, et al.) .
During this experiment, LASSO was employed to extract particular features of DB and other kinds of spectra from LAMOST DR5.
We built five sets of negative samples of each CPS as control groups, for the features might not exactly have been identical when the quality or parameters were changed even slightly. We combined features from each group of a CPS into one as final output. Based on our previous research, the full wavelength (3900-8900 Å) is employed in this experiment.
Following the training process, we obtained conclusions similar to those in Section 3 with KONG2018. The features varied from one CPS to the other; features from each group under the same CPS had subtle differences at certain wavelengths, owing to variations in line strength and width caused by changing parameters. Some features were also not symmetrical on a spectral line.
Feature Collection
We ordered the features extracted from all groups and combined those within each CPS into an array as output. Figure 4 shows features of some CPSs: O, B, A, F, WD, and QSO from top down, marked using short red lines above each spectrum. In general, many features on both sides of all spectral lines were imperfectly symmetrical, probably due to the asymmetry of the spectral line and the continuum. Moreover, the range of wavelength of features on the right side of a spectral line, in some cases, was wider than that on the left. The number of metal elements increased with the order of stellar type from early to late, which corresponded to the rise in the number of features in the red band.
SVM
Given a set of training samples divided into positive and negative categories in a dual clustering system, an SVM algorithm builds a robust binary linear classifier model that assigns new data to either type. We adopted the LIBSVM (Chang & Lin 2011) software to select DB spectra from all spectra based on the DB features.
Parameter selection is crucial for any ML algorithm, and LIBSVM is no exception. LIBSVM provides four basic kernels: linear, polynomial, sigmoid and radial basis kernel function. We randomly selected thousands of spectra with various types and S/N g in LAMOST DR5, together with all the known DB spectra, as the test dataset. Then all the four kernel functions were employed to conduct the recognition process. Afterwards, we inspected all the DB candidates recognized by LIBSVM. Many non-DB spectra were mis-classified as DB when using polynomial or sigmoid kernel functions, and the precision ratio could be less than 80%. When the linear or radial basis function were adopted, however, the precision ratio would reach above 95%. These tests have shown that linear and radial-basis function kernels provide better results in terms of discriminating spectral data. The built-in 10-fold cross-validation was utilized to determine all other parameters automatically by using the LIBSVM software.
Given that all data in the training set were assigned to the correct type, some measures in information retrieval and statistical classification were employed to evaluate the performance of the algorithm in terms of accuracy, precision, and recall. We applied the true positive (TP) standing for the correct prediction of the positive category, false positive (FP) for that of the incorrect positive category, and false negative (FN) and true negative (TN) for incorrect and true negative classifications, respectively. Because almost all positive samples were recognized properly by LIBSVM, the recall, TP/(TP+FN), was ∼99.9%, which shows the percentage of positive samples predicted correctly. The accuracy-(TP+TN)/(TP+FN+FP+TN)-reflects the program's ability to determine the entire sample, which means identifying positive samples as DB spectra and negative samples as non-DB. The percentages of mean accuracy and precision-TP/(TP+FP)-were 99.7% and 99.1%, respectively, which indicates high stability and reliability of the algorithm.
Verification of Method Validity
In our previous work (KONG2018), we applied this ML method to extract features and search DB spectra in the SDSS DR12 (Alam et al. 2015) and DR14 (Abolfathi et al. 2018 ). In the entire spectrum of 2,700 DBs from SDSS DR12, we spectroscopically identified 704 that were not in the catalogs in Kepler et al. (2015 Kepler et al. ( , 2016 ; Kleinman et al. (2013) , which illustrated the validity of our method. In general, this ML method could be applied to search DB spectra more effectively.
RECOGNITION
SVM Input
Before the recognition process, each "Unknown" spectrum needed to be assigned a specific type and become a member of a certain CPS, and the distribution is presented in Table 3 . Only those with relative high uncertainty of template matching were added to the ED. Feature planes derived from the training process were also employed as input to LIBSVM. A recognition flowchart is shown in Figure 5 to demonstrate the start-to-end flow in this section.
Recognition and Results
A total of 13 CPSs, 1,608,983 spectra, were involved in the recognition procedure. Similar to the preprocessing procedure, we normalized them and moved them to the rest frame. Some hyperplanes in the feature space were used in LIBSVM to distinguish the DBs from all data in the ED.
After inspection, we selected 351 DB spectra from 287 objects from LAMOST DR5, of which 53 stars had been newly identified. We illustrate the results of our experiment in Table  4 , which indicates that the mean percent correct of the algorithm was ∼96.7% if all labeled negative samples were real non-DBs.
Clearly, most DBs were identified as O, QSO, and Unknown in the DR5 dataset. Of all 30 DBWDs from the "Unknown" group, the best fits consisted of 21 O stars and four QSOs, which indicates that these types of spectra and those of the DBs had much in common. In a different way, it would often be difficult to distinguish DBs from other types when using the full spectrum to match them, instead of particular wavelengths (features).
CONSTRUCTION OF DB TEMPLATES
We provide a solution to DBWD recognition for the LAMOST 1D pipeline. Figure  3 and Section 3. The final catalog is also generated in this part.
Spectral Data
All DBWD spectra with S/N g > 10 from both SDSS DR14 and LAMOST DR5 were used to build the DB templates by using k-means clustering (MacQueen 1967). We set 12 clustering centers for the clustering process. The centers containing <50 spectra with He I lines that were too weak to be observed were abandoned. The abandoned centers were noise, and helped little when the pipeline identified the spectra. Finally, five clustering centers that corresponded to the most numerous spectra were selected, as illustrated in Figure 6 . In general, a majority of DB spectra were recognized by these five clustering centers. Table 5 shows that the stellar templates of the LAMOST 1D pipeline consisted of 183 spectra (Wei et al. 2013 ) ranging from O-to M-type stars, together with some particular spectral types, e.g., CV, carbon, WD, and DoubleStar. These two "WD" templates were DA WD spectra. To obtain a more comprehensive result, we randomly selected 4,000 spectra from each subclass of the LAMOST data archive, together with known DBs, as the dataset.
Classification and Results
The five DB clustering centers were first added to the stellar templates. Considering the features obtained in this paper, we built three control groups and compared the recognition results.
-G0: We directly used the LAMOST 1D pipeline to classify all spectra of the dataset, using templates including DBWDs. -G1: The difference from G0 was that we performed classification in the feature space and recognized using the DB templates. -G2: We added criteria to the final stage of classification to improve accuracy (G2 being the upgraded version of G1). These criteria are explained below.
After classification, we inspected samples identified as DBWDs and compared the results with types from the LAMOST DR5 catalog. Table 6 shows the comparison results. For all groups, a majority of DB spectra was identified from the datasets in general. The program, however, mistook many other types of spectra for DBWD spectra if all the wavelengths were considered. The use of features offers help in reducing instances of misclassification.
Most DBWD spectra were recognized by the DB templates using the LAMOST 1D pipeline. The majority of DBWDs (FP) discarded by the software was dropped because of the existence of strong hydrogen lines (DBA), metal lines (DBZ), or He II lines (DBO), whereas others were misclassified due to noise. Table 7 illustrates that noise could have a negative impact on classification results. ).
From the TN and FN rows of Table 6 , we can conclude that some non-DB spectra were mistaken as DBWD spectra using templates containing the DB spectra. Group G0 indicates that >500 non-DB spectra were assigned to the DB type, mainly owing to low S/N. After applying template matching in the feature space, there was a significant reduction in the error (the last row of Table 6 ).
We then added criteria to the classification process. As this process is only preformed in the feature space, some typical lines in other types of spectra might not have been considered. In panel (a) of Figure 7 , three emission lines in the spectrum are not included in the feature space, and were omitted by the program. We checked the residuals between the spectrum and the best fit, and found that many rejected spectral lines could extend beyond the ±3σ region of the residuals. For comparison, we illustrate an example of the successful recognition of the DBWDs in panel (b) of Figure 7 . Finally, we fit these extended points with a Gaussian function if the spectrum was considered a DBWD by the LAMOST 1D pipeline. If more than one line was fitted successfully, the pipeline got rid of the DB templates and redid the classification.
ANALYSIS
Features of DBWD
In Section 3.2, we obtained the differences (features) between the DBWD spectra and others types of spectra. We then combined features from all CPSs and discarded those existing only in fewer than three groups. As Figure 8 and Table 8 show, almost every He I line center was recognized as a DBWD feature. Moreover, some locations within the line wings were also typical features of DBWDs, as discussed in Sections 3.2 and KONG2018.
In the previous section, we tested the effectiveness of these features for spectral classification using the LAMOST 1D pipeline. We think that they can also help when using algorithms to select and analyze the DB spectra.
Comparison with the Literature
Over 1500 pure DB objects have been identified in the literature, including some DB+M double stars. In this paper, we present 351 DBWD spectra in LAMOST DR5 that corresponded to 287 stars, of which 53 objects were newly spectroscopically confirmed. Table 9 illustrates the subtypes of DBWDs in our catalog.
We present these newly identified DBWDs in Table A .1 and the DB+M binaries in Table  10 . All information concerning the DBWDs from LAMOST DR5 can be found in the online table, the descriptions of which are given in Table 11 . 
Comparison with SDSS Spectra
Distinction
Thus far, the largest datasets of DBs, even of WDs, are from the SDSS, in which the number of released WD spectra was 36,093 and 38,575 in DR 12 and 14, respectively. By contrast, the size of the LAMOST DR5 is only 9,211. The number of helium-dominated WD spectra, more explicitly, from SDSS DR14 was ∼2800 in the literature. However, we have discovered 300 more DB spectra from LAMOST DR5, despite its release of ∼9 million data items. These two ratios of WDs with respect to the total number of data items of the SDSS and LAMOST are so different mainly owing to the limiting magnitude of the telescope, source selection, and data quality. These are discussed in turn.
Limiting magnitude.
With its ability to capture 4,000 spectra in a single exposure, the LAMOST can reach 16-17 mag (Luo et al. 2015) of limiting magnitude, whereas the observable spectrum of the SDSS photometric camera is brighter than 23.2 for g ′ (Gunn et al. 1998) . In light of the low brightness of WDs, compared with LAMOST, SDSS can capture a much higher value. The distributions of the g-band magnitude of WDs from SDSS DR12 and LAMOST DR5 are shown in panels (a 1 ) and (a 2 ) of Figure 9 . Panel (a 1 ) represents the number of DBWDs from both the literature (Kleinman et al. 2013; Kepler et al. 2015 Kepler et al. , 2016 Guo et al. 2015; Kong et al. 2018 ) and this experiment, while panel (a 2 ) accounts for all WDs from the SDSS DR12 and LAMOST DR5 catalogs. It is clear why the DBWDs in the LAMOST data archive were so small in number: The majority of DBWDs (WDs) from LAMOST were brighter than those from SDSS by a magnitude of ∼2-4 in the g band.
2. Source selection.
The object selection strategy is crucial to obtaining different kinds of spectral data, and is based on both instrument capability and survey plans. There are always differences between the selected stars from LAMOST and those from SDSS that can lead to a disproportion in the number of DBWDs. Red dotted lines and blue solid lines, respectively, represent the amount of spectral data from LAMOST DR5 and SDSS DR12, all of which are normalized to a maximum of 1 in each panel. In the three panels, the actual quantities are multiplied by factors of 608, 3745, and 123 for SDSS and 23, 536, and 10 for LAMOST, respectively, all of which are marked in brackets after their sky survey names.
We checked the object selection in detail from SDSS 3 and LAMOST 4 databases, and illustrate the distributions of major sources (QSO, galaxy, star, and WD) in Table 12 . Tens of thousands of WDs were preserved in the observing strategy of SDSS, whereas only ∼300 were kept in that of LAMOST. In other words, the SDSS reflected greater interest in extragalactic objects, and the one major goal of LAMOST was to collect the spectra of stars in the main sequence. 3. Data quality.
In spite of their similarity in terms of resolution, the qualities of many spectral data from the SDSS and LAMOST DR were not of the same level. The S/N g distributions of DBWDs from SDSS DR12 seemed structurally superior to those from LAMOST DR5, as panel (b) of Figure 9 illustrates. We cross-matched all released spectra from SDSS DR12 and LAMOST DR5 in a circular area with a radius of 3 ′′ . There were ∼268 DBWD stars captured by both LAMOST (DR5) and SDSS (DR12), of which we selected multi-observed DBWD spectra and show them in Figure 10 . As panels (b 1 )-(b 5 ) illustrate, most spectra clearly displayed spectral lines of a typical type whereas some did not. We failed to recognize the three spectra in red, which exhibit few spectral lines and were assigned to "Unknown" by the LAMOST 1D pipeline. Many DBWD spectra from LAMOST DR5, however, had a quality similar to, or a 1 -a 4 ) , 22.10, 3.48, 26.2, 34.25, 29.47, 50.64, 30.96 (b 1 -b 7 ) , 29.92, 44.15, and 22.24 (c 1 -c 3 ) , respectively. Because of feature caused by noise, the three spectra labeled in red are not selected by our algorithm. 0.3% 282 0.003% a Refers to "SourceType" and "Objtype" fields from database of SDSS DR12 and LAMOST DR5, respectively. b The ratio represents a certain type of target account for the proportion of all objects, which is derived through column two divided by the number of all spectra, besides "NA"/"null"/"SKY" (4047,254 from SDSS DR12, 9017,844 from LAMOST DR5). c Sum of numbers from all the fields that names include "QSO" (except for "GAL_NEAR_QSO" in SDSS). d Sum of numbers from all the fields that names include "GAL" (together with "LRG" in SDSS). e Sum of numbers from all the fields that names include "STAR" and "STD" (except for "QSO_STD" in SDSS). f Sum of numbers from all the fields that names include "DWARF". g Sum of numbers from "STAR_WHITE_DWARF", "WHITEDWARF_NEW" and "WHITED-WARF_SDSS".
even better than, that from SDSS DR12. For example, for the three spectra in panel (c), the S/N g values of LAMOST data ((c 1 ) and (c 2 )) were 29.92 and 44.15, respectively, while that of the third (c 3 ) from SDSS DR12 was 22.24. Possibly more spectra from the LAMOST data belonged to the DBWD category, but have not yet been sought by astronomers because of low S/N ratio.
Connection
Data from both SDSS DR14 and LAMOST DR5 were low-resolution spectra, with wavelength ranging from ∼3900 to ∼9000 Å. Furthermore, both the two sky surveys covered most of the northern celestial sphere. The footprints of SDSS DR14 and LAMOST DR5 are shown in the galactic coordinate system in Figure 11. 6.4 Parameter Measurement Koester & Kepler (2015) gave DBWD parameters (selected from SDSS DR10 and DR12 with S/N > 10) using theoretical model fitting, and discussed their relationships and distributions. Using the DB parameter model provided by D. Koester, we also measured the parameters (T eff and log g) of the DB spectra from LAMOST DR5, using template matching at wavelengths of He I lines. The fitting results for all the DB spectra were inspected carefully, and Figure 12 is an example. The average fitting errors of T eff and log g were 3.7% and 1.4%, respectively.
The parameters of DBWDs measured by both Kepler et al. (2016) and us were compared. Figure 13 illustrates that the σ of the residuals for T eff is 2482 K, while that for log g is 0.12 cgs. For the DB spectra whose parameters were illustrated in this figure, the average fitting errors of T eff measured by Kepler et al. (2016) and Kong et al. (2018) • and +30
• , LAMOST DR5 added a lot of observations. methods are different, the measurements of parameters rely on the same DB models provided by Koester. Therefore, when considering the uncertainties of the T eff and log g, the errors from two methods should contribute to the residuals, which are about √ 204 2 + 493 2 ≈ 534 K and √ 0.058 2 + 0.069 2 ≈ 0.091 cgs, respectively. The σ of the residuals of log g are comparable with the uncertainties of the measurements. Obviousely, both the errors of T eff from Kepler et al. (2016) and Kong et al. (2018) are relatively small, however, the errors from Kepler et al. (2016) are much smaller. It reminds us that the fitting errors of T eff should be scaled when using them to conduct further study.
We show the distribution of T eff and log g in panels (a) and (b) of Figure 14 , respectively. The histogram of T eff was used at 500 K intervals, while that of log g was 0.05. A majority of DBWDs from LAMOST DR5 gathered at T eff ≈ 15, 000K and log g ≈ 8.0.
Given the strong intensity in the ultraviolet waveband of the WD spectra, we cross-matched all DBWDs from both LAMOST DR5 and SDSS DR14 with the Galaxy Evolution Explorer (GALEX), obtaining the far-ultraviolet (FUV) and near-ultraviolet (NUV) magnitudes. Those with errors of <0.3 mag for both FUV and NUV and S/N g > 10 were selected to demonstrate the relationship between T eff and FUV − NUV colors:
In total, only 69 DB spectra from LAMOST DR5 were included. See Figure 15 for more details. Fig. 12 One example of template matching for parameter measuring. The black spectrum is a DBWD(specid is 20150112GAC054N40B101161_v2.9.7), and the green one illustrates the best-fitting template.
We also looked up the masses and ages of DBWDs based on the T eff and log g values in the Synthetic Colors and Evolutionary Sequences of Hydrogen-and Helium-Atmosphere White Dwarfs website 5 (Holberg & Bergeron 2006; Kowalski & Saumon 2006; Tremblay et al. 2011; Bergeron et al. 2011 ). The online catalog will include these parameters with descriptions in Table 11 .
3D Velocity
The Gaia satellite (Gaia Collaboration et al. 2016 ) released DR2 (Gaia Collaboration et al. 2018) in April, 2018 provides proper motions in right ascension (RA) and declination (DEC), parallaxes (Luri et al. 2018) , and photometry (Arenou et al. 2018) .
All DBWDs from SDSS DR14 and LAMOST DR5 were cross-matched with data from Gaia DR2. We adopted 1/parallax from Gaia DR2 to obtain the distances. Most of the DBWDs survived within a distance of 500 pc from the Sun. By applying the criteria of parallax > 0, parallax_error < parallax/5 (Luri et al. 2018) , and S/N g > 10, 1,200 DBWDs remained.
We calculated the 3D velocities of the remaining DBWDs using radial velocities (RVs), RAs, and DECs obtained from the LAMOST 1D pipeline and parallaxes, and proper motions along the direction of RA and DEC from Gaia DR2. By using the local standard of rest (LSR) from Huang et al. (2015) , the 3D velocities (u, v, and w in galactic coordinates) and the locations of the DBWDs are illustrated in Figure 16 .
Moreover, we investigated the dispersion of the 3D velocities at different mass levels for the DBWDs. Table 13 shows that low-mass DBWDs, displaying the kinematics of old stars, have a higher velocity dispersion (∼1.5 km s −1 ). The dispersion decreased along all three directions as the masses increased. This is consistent with the conclusion in Wegg & Phinney (2012) , the authors of which used proper motion from PG in the velocity calculation. We employed more precise data and derived a conclusion for DB WDs, which is similar to that for DA WDs given by Wegg & Phinney (2012) . Fig. 13 Parameters of DBWDs calculated by both Kepler et al. (2016) and us. The red solid lines in the first two panels are the straight-line fitting results, y = 0.92x + 927 for T eff and y = 0.95x + 0.38 for log g (x for parameters from Kong et al. (2018) , y for that from Kepler et al. (2016) ). The two panels below are the residuals of the fits with σ = 2482 K and 0.12 cgs for T eff and log g, respectively. For better illustration, an animation of the 3D velocity distribution was produced, and is available online. From Figure 16 and the online animation, one can see that the known DBWDs seem to be more cluttered in the neighborhood of the Sun. Furthermore, most observed DBWDs are concentrated near the Galactic anti-center, and their motions seem to be disorganized. Fig. 14 Distributions of T eff , log g, and distance to the Sun for DBWDs from LAMOST DR5.
SUMMARY AND CONCLUSIONS
In this study, we spectroscopically identified 287 DBWDs of 351 spectra in the LAMOST DR5, including 53 new objects (Table A .1), using ML, i.e., LASSO and an SVM. The DBWD features were obtained by a combination of all CPSs, as provided in Figure 8 and Table 8 . We then constructed DB templates using DBWDs from SDSS DR14 and LAMOST DR5, and added them to the stellar templates of the LAMOST 1D pipeline. By experimenting with several control groups of data, we proposed methods that allow the pipeline to classify DBWDs more accurately. The difference in numbers of DBWDs between SDSS DR14 and LAMOST DR5 was analyzed from three aspects: limiting magnitude, source selection, and data quality. Finally, we measured the parameters of all DBWDs using DB models provided by D. Koester. Most DBWDs were found to have T eff ∼ 15, 000 K ranging from 14,000 K to 26,000 K, and log g ranging from 7.5 to 8.8. Using the Gaia DR2, we calculated the 3D locations and velocities of the DBWDs from SDSS DR14 and LAMOST DR5, and have shown them in Figure 16 and an online animation. Their velocity dispersion decreased with increasing mass, which was consistent with the pattern of DA WDs.
At the same time, the application of DB templates and features may require some other optimization to obtain more comprehensive classification results. We need to consider the relationship between the χ 2 values corresponding to the same template and the distributions of χ 2 . This will be the subject of our next investigation in the area. 
